The Danube River is the second longest river in Europe, and its bacterial community composition has never been studied before over its entire length. In this study, bacterial community composition was determined by denaturing gradient gel electrophoresis (DGGE) analysis of PCR-amplified portions of the bacterial 16S rRNA gene from a total of 98 stations on the Danube River (73 stations) and its major tributaries (25 stations), covering a distance of 2,581 km. Shifts in the bacterial community composition were related to changes in environmental conditions found by comparison with physicochemical parameters (e.g., temperature and concentration of nutrients) and the concentration of chlorophyll a (Chl a). In total, 43 distinct DGGE bands were detected. Sequencing of selected bands revealed that the phylotypes were associated with typical freshwater bacteria. Apparent bacterial richness in the Danube varied between 18 and 32 bands and correlated positively with the concentration of P-PO 4 (r ‫؍‬ 0.56) and negatively with Chl a (r ‫؍‬ ؊0.52). An artificial neural network-based model explained 90% of the variation of apparent bacterial richness using the concentrations of N-NO 2 and P-PO 4 and the distance to the Black Sea as input parameters. Between the cities of Budapest and Belgrade, apparent bacterial richness was significantly lower than that of other regions of the river, and Chl a showed a pronounced peak. Generally, the bacterial community composition developed gradually; however, an abrupt and clear shift was detected in the section of the phytoplankton bloom. Large impoundments did not have a discernible effect on the bacterial community of the water column. In conclusion, the riverine bacterial community was largely influenced by intrinsic factors.
The Danube River is the second longest river in Europe, and its bacterial community composition has never been studied before over its entire length. In this study, bacterial community composition was determined by denaturing gradient gel electrophoresis (DGGE) analysis of PCR-amplified portions of the bacterial 16S rRNA gene from a total of 98 stations on the Danube River (73 stations) and its major tributaries (25 stations), covering a distance of 2,581 km. Shifts in the bacterial community composition were related to changes in environmental conditions found by comparison with physicochemical parameters (e.g., temperature and concentration of nutrients) and the concentration of chlorophyll a (Chl a). In total, 43 distinct DGGE bands were detected. Sequencing of selected bands revealed that the phylotypes were associated with typical freshwater bacteria. Apparent bacterial richness in the Danube varied between 18 and 32 bands and correlated positively with the concentration of P-PO 4 (r ‫؍‬ 0.56) and negatively with Chl a (r ‫؍‬ ؊0.52). An artificial neural network-based model explained 90% of the variation of apparent bacterial richness using the concentrations of N-NO 2 and P-PO 4 and the distance to the Black Sea as input parameters. Between the cities of Budapest and Belgrade, apparent bacterial richness was significantly lower than that of other regions of the river, and Chl a showed a pronounced peak. Generally, the bacterial community composition developed gradually; however, an abrupt and clear shift was detected in the section of the phytoplankton bloom. Large impoundments did not have a discernible effect on the bacterial community of the water column. In conclusion, the riverine bacterial community was largely influenced by intrinsic factors.
Prokaryotes play a major role in the biotic transformation of carbon and nutrients in aquatic ecosystems. Consequently, these organisms may alter the makeup of carbon and other chemicals during their transport in rivers. The sources, transport, and transformation of organic matter in rivers have been formalized conceptually (39, 40) and studied in situ (15) . There is evidence that pelagic prokaryotic communities in rivers adapt to changes in the concentration and composition of organic carbon (20, 21) and nutrients (e.g., [3] [4] [5] . Sekiguchi et al. (37) determined the bacterial community composition of the Changjiang River (China) as a reference for future changes caused by the construction of the Three Gorges dam. Their results showed that changes in the bacterial community (determined by denaturing gradient gel electrophoresis [DGGE] analysis and cloning) occurred gradually and that diversity decreased toward the river's delta near Shanghai.
In this study, we focus on the bacterial community composition of the Danube River over its entire length in order to determine the effects of human influences (cities and impoundments) versus those of large tributaries and changes in the geomorphology in different sections of the river. The Danube River is the second longest river in Europe, traveling between its sources in the Black Forest (Germany) and its delta in the Black Sea, a distance of 2,857 km. The Danube's catchment area is shared by 18 countries, covering 817 ϫ 10 6 m 2 , and is home to roughly 83 ϫ 10 6 people. We sampled the bacterial community composition of the Danube River and its major tributaries and side arms by DGGE analysis of PCR-amplified portions of the bacterial 16S rRNA gene at a total of 98 stations. Changes in apparent bacterial richness were related to physicochemical parameters (temperature and concentration of nutrients) and the concentration of chlorophyll a (Chl a). The data set was used to develop a mathematical model of apparent bacterial richness in the Danube River using artificial neural networks (ANNs). ANNs are best described as a datadriven modeling tool especially suited for complex real-world modeling tasks. The major advantages of ANNs are that the data do not need to fit a predefined model (e.g., the normal distribution), the linear and nonlinear relationships can be modeled simultaneously, and they are tolerant to noisy data due to their high parallelism. Previous studies demonstrate the usefulness of ANNs in microbial ecology (10, 32, 36, 42) , and a detailed introduction to ANNs is given by Basheer and Hajmeer (2).
MATERIALS AND METHODS
The alternative lysis method for the extraction kit was employed, involving two heating steps to 70°C for 5 min in order to minimize shear damage to the nucleic acids. Nucleic acid extracts had a final volume of 50 l in solution S5 (the solution contains no EDTA [the exact contents are the proprietary information of MO BIO Laboratories]) and were used directly as templates in PCRs.
(iii) PCR amplification. A 586-bp-long fragment (from Escherichia coli, numbering positions 341 to 927) of the bacterial 16S rRNA gene was amplified from the nucleic acid extracts by PCR using the primer pair 341F (5Ј-CCT ACG GGA GGC AGC AG-3Ј [31] ) and 907R (5Ј-CCG TCA ATT CMT TTG AGT TT-3Ј [35] ). A 40-bp-long GC clamp (5Ј-CGC CCG CCG CGC CCC GCG CCC GTC CCG CCG CCC CCG CCC G-3Ј [30] ) was attached to the 5Ј end of primer 341F to obtain PCR fragments suitable for DGGE analysis. The resulting PCR fragments had a length of 626 bp due to the GC clamp. We used 5 l of the nucleic acid extracts as templates in PCRs. Each 50-l PCR mixture contained 5 l of 10ϫ Taq buffer (100 mM Tris-HCl [pH 8.8], 500 mM KCl, 0.8% Nonidet P-40 [MBI Fermentas]), 4 l of 25 mM MgCl 2 (2 M final concentration; MBI Fermentas), 6.25 l of a 2 mM deoxynucleoside triphosphate mix (final concentration, 250 M each; catalog no. R0241; MBI Fermentas), 0.5 l of 100 M primers 341F and 907R (final concentration, 1 M; MWG-Biotech AG), and 0.25 l of 5 U l Ϫ1 Taq polymerase (catalog no. EP0401; MBI Fermentas). Cycling was performed in an iCycler thermal cycler (Bio-Rad) with an initial denaturation at 95°C for 1 min, followed by 30 cycles of denaturation at 95°C for 1 min, annealing at 56°C for 1 min, and elongation at 72°C for 1 min. The final elongation step was performed at 72°C for 30 min in order to prevent the formation of artificial double bands in subsequent DGGE analyses (19) . PCR fragments were cleaned and concentrated using a QIAquick PCR purification kit (QIAGEN) according to the manufacturer's instructions, resulting in a final volume of 28 l in elution buffer (QIAGEN). Standard agarose gel electrophoresis was used to size and quantify the PCR fragments.
(iv) DGGE analysis. DGGE analysis was performed on a DCode universal mutation detection system (Bio-Rad). The PCR products obtained from a single PCR of each sample were loaded on 6% polyacrylamide gels containing linear gradients of formamide and urea of 20 to 70%. Electrophoresis was performed at 100 V and 60°C for 16 h in 1ϫ TAE buffer (40 mM Tris, 20 mM acetic acid, 1 mM EDTA [ethylenediaminetetraacetic acid], pH 8.3). The gels were stained with SYBR green I (1:10,000 dilution of stock solution; Molecular Probes) for 30 min before digitized gel images were obtained using a GelDOC 2000 (Bio-Rad) gel documentation system equipped with a charge-coupled-device camera.
(v) Analysis of DGGE banding patterns. The images were analyzed for the number of bands per sample (presence versus absence), which served as a measure of apparent bacterial richness. Additionally, the results were transformed into a data matrix representing the presence and absence of bands by ones and zeros, respectively. The matrix was used to calculate Jaccard's dissimilarity index relative to the first sampled station in reach 1 according to the formula dissimilarity
, where M represents the number of bands present in both samples and U the total number of unique bands present in either one or the other of the compared samples. Jaccard's dissimilarity index ranges from 0 (identity) to 1 (no similarity). Detection frequencies of DGGE bands were calculated for each geomorphological reach by dividing the number of stations where a particular band was detected by the total number of stations in the reach. In order to identify prominent bands in the reaches, the detection frequencies for the bands were transformed according to the formula 1 ϭ 0.5 Ͻ frequency Յ 0.5 ϭ 0. This matrix of prominent bands was used to visually display the relatedness of the reaches in a dendrogram based on Jaccard's dissimilarity index. The dendrogram was constructed with the program "neighbor" from the PHYLIP software package (9) using the unweighted pair group method with arithmetic averages.
Sequencing and phylogenetic analysis of selected DGGE bands. In total, 78 bands from 33 different stations were excised from the DGGE gels. The gel slices were incubated in 200 l of autoclaved Milli-Q water for 24 h at 4°C to extract the PCR fragments. Extracted PCR fragments were reamplified and separated by DGGE under identical conditions, as described above, using the original samples as standards. Reamplified PCR products that were correctly placed on the DGGE gels compared to the original samples were sequenced using primer 907R (35) by a commercial sequencing service (MWG Biotech, Germany). As a quality check, the nucleotide sequences were aligned with "ARB" (25) software against their closest relatives retrieved from GenBank by BLASTN searching (1) . Taxonomic classification of the sequences was obtained by the Bayesian rRNA classification algorithm of the Ribosomal Database Project II, release 9.35 (6) .
Modeling apparent bacterial richness using ANNs. layer. Prior to training, the data were scaled to a mean of zero and unity variance, and the network weights were initialized using the "LinearParameters" option in order to randomize the initial values of the nonlinear parameters within the range of the input data and to completely randomize the linear parameters. ANNs were trained by employing the Levenberg-Marquardt algorithm (29) , and the progress of training was monitored using the root mean square error (RMSE) of the networks. The data set used for modeling apparent bacterial richness consisted of the 72 stations along the Danube River (we were unable to obtain suitable PCR products for DGGE analysis from one of the stations), and the following nine input parameters were considered: the distance to the Black Sea (km), water temperature (°C), pH, and DO (%); N-NH 4 , N-NO 3 , N-NO 2 , and P-PO 4 (all in mg liter Ϫ1 ); and Chl a (g liter Ϫ1 ). Initially, the input parameters were used alone and in combination with up to two other parameters to train ANNs with one to five hidden neurons for 100 iterations. The initial values for the weights of the networks can have a profound influence on the outcome of training (14) . Thus, 100 ANNs were initialized and trained as described for each set of input parameters and numbers of hidden neurons, respectively. In order to prevent overtraining (i.e., data being memorized by the ANN), we performed cross-validation (14) . The data set was split into a training data set (80% of the data) and a validation data set (20% of the data). The training data set was used for adjusting the network parameters, and the validation data set was used only to validate the network at each iteration during training without interfering in parameter adjustment. Training was assumed to have converged when the sum of the RMSE of the training and the validation data sets reached a minimum. Finally, the best-performing ANNs for each set of input parameters and number of hidden neurons were determined by the smallest sum of the RMSE of the training and the validation data sets at the convergence of training. Comparisons between the results allowed us to identify suitable combinations of input parameters for modeling apparent bacterial richness.
These initial results indicated that the number of hidden neurons could still be increased to further improve network performance without overfitting the data, i.e., the combined RMSE of the training and the validation data sets had not yet reached a minimum when one to five hidden neurons were used. Thus, we increased the number of hidden neurons stepwise to a maximum of 11. For each set of input parameters and number of hidden neurons (6 to 11 hidden neurons), 1,000 ANNs were initialized, trained, and screened as described above. The best-performing set of input parameters and network structure were found by searching for the minimum of the combined RMSE of the training and the validation data sets between the sets of input parameters and numbers of hidden neurons.
Statistical analyses. All statistical data analyses were performed with Mathematica 5.2 (Wolfram Research). Spearman rank correlation coefficients were used to determine the degree of correlation between parameters, and P values were corrected according to the Bonferroni method (where P was Յ0.05 per the number of parameters). Linear least-squares regression analysis was used to relate the observed values of apparent bacterial richness to the predictions of the ANN-based model. Differences in the slopes of linear regression analyses against each other or against a hypothetical slope of 1 were tested by calculating a t value according to the formula t ϭ (͉b yx Ϫ B yx ͉)/(͉Sb yx Ϫ SB yx ͉), where b yx and B yx represent the slopes of the regressions being compared, and Sb yx and SB yx are the standard deviations of the slopes of the regressions. The P values are reported for the two-tailed t distribution. Analysis of variance (ANOVA) in combination with Scheffe's F multiple-comparison test was used to examine differences among the parameters of the geomorphological reaches. Student's unpaired t test was used to test differences in parameters between two sections of the river.
Nucleotide sequence accession numbers. In total, 16 distinct, partial bacterial 16S rRNA gene sequences from this study were obtained and deposited in GenBank under the accession numbers DQ371837 to DQ371848 and DQ371850 to DQ371853.
RESULTS
Comparison among the Danube River, its tributaries, and side arms. (i) Physicochemical parameters. In the Danube River, the temperature varied between 15.9 and 25.5°C, with the lowest and highest average values found in reaches 2 and 6, respectively (Table 1) . A similar variation in temperature, from 15.5 to 26.7°C, was recorded in the tributaries and side arms ( Table 2 ). The variation in pH in the Danube River, from 7.5 to 8.7, was comparable to the variation found in the tributaries and side arms, ranging from 7.3 to 8.6 ( Table 2 ). The lowest average pH was recorded in reach 6, and the highest average values were found in reaches 1 and 5 (Table 1) . DO ranged from 53 to 192% in the river, whereas in the tributaries and side arms, the variation was between 35 and 240% ( Table 2 ). The average DO was lowest in reach 6 and highest in reach 5 ( Table 1) . Although DO was not measured at the same time of day, diel variations were negligible (data not shown) compared to the changes between reaches.
N-NH 4 varied between 10 and 190 g liter Ϫ1 in the river and between 10 and 3,240 g liter Ϫ1 in the tributaries and side arms ( Table 2 ). The lowest and highest average concentrations of N-NH 4 were found in reaches 4 and 6, respectively (Table  1) . N-NO 3 concentration varied between 0.5 and 2.7 mg liter Ϫ1 in the Danube River and between 0.1 and 3.8 mg liter Ϫ1 in the tributaries and side arms ( Table 2 ). The lowest average concentration of N-NO 3 was found in reaches 5 and 6, and the highest was recorded in reach 1 (Table 1) . N-NO 2 concentration ranged from 6 to 66 g liter Ϫ1 in the river, with the lowest and highest average concentrations found in reaches 4 and 7, respectively ( Table 1 ). The total variation of N-NO 2 concentration in the tributaries and side arms was between 3 and 96 (Table 2) . P-PO 4 concentration varied between 5 and 163 g liter Ϫ1 in the river and between 6 and 848 g liter Ϫ1 in the tributaries and side arms ( Table 2 ). The lowest average concentration of P-PO 4 was found in reach 5 and the highest in reach 8 (Table 1) .
(ii) Concentration of Chl a and apparent bacterial richness. The concentration of Chl a in the Danube River varied by over 2 orders of magnitude, between 1.2 and 137 g liter Ϫ1 and between 2.1 and 97.9 g liter Ϫ1 in the tributaries and side arms, respectively ( Fig. 2A) . The average concentration of Chl a was highest in reach 5 (Table 1) , where it displayed a pronounced peak (Fig. 2A) . The lowest average concentrations of Chl a were found in reaches 6 and 7 ( Table 1 ). The average concentration of Chl a in reach 5 was significantly higher than those in reaches 2 to 4 and 6 to 9 (ANOVA: P, Ͻ0.0001; F ϭ 12.6; n ϭ 73; Scheffe's F multiple-comparison test: reaches 2, 6, 7, and 8, P, Ͻ0.0001; reach 3, P ϭ 0.0111; reach 4, P ϭ 0.0023; reach 9, P ϭ 0.0059).
Apparent bacterial richness in the Danube River ranged from 18 to 32 bands (Fig. 2B) , with the lowest and highest average values in reaches 5 and 8, respectively (Table 1 ). The apparent level of bacterial richness in reach 5 was significantly lower than in reaches 2 to 3 and 6 to 8 (ANOVA: P, Ͻ0.0001; F ϭ 15.3; n ϭ 72; Scheffe's F multiple-comparison test: reach 2, P ϭ 0.0070; reach 3, P ϭ 0.0001; reaches 6 to 8, P, Ͻ0.0001).
In the tributaries and side arms, apparent bacterial richness varied between 15 and 33 bands (Fig. 2B) .
Bacterial community composition as determined by DGGE analysis. In total, 43 distinct bands were detected on the DGGE gels (see Fig. S1 in the supplemental material). In order to detect the influences of the tributaries and side arms on the bacterial community of the river, the data were analyzed for bands that were not present immediately upstream of an inflow, were present in the inflow, and were present immediately downstream of the inflow (this analysis is not possible when two tributaries follow each other, e.g., the Hron and Ipoly tributaries). At most, five bands per inflow could be detected by fitting these criteria (constituting between 4 and 21% of the bands at the station immediately downstream of the inflow; see Fig. S1 in the supplemental material).
The riverine bacterial community developed gradually over the course of the river (Fig. 2C) . In general, comparing the bacterial community of the first sampled station with subsequent communities showed that community relatedness decreased with increasing distance from the first station in the flow direction (Fig. 2C ). This general pattern was disrupted for reaches 4 to 5 by an abrupt decrease in relatedness (increase in dissimilarity) in comparison to the first station, corresponding to decreases in apparent bacterial richness (Fig. 2B and C) . Additionally, most of the bacterial communities in the tributaries and side arms were similar to those in the main stream in the vicinity of confluences (Fig. 2C) . However, there also were exceptions like the bacterial communities of the rivers Inn (Fig. 2C, label 1) , Hron (label 7), and Russenski-Lom (label 22), and to lesser degrees, rivers Timok (Fig. 2C, label  18 ), Olt (label 20), and Arges (label 23).
By looking at the banding patterns of prominent bands in the reaches, i.e., bands present in more than 50% of the stations in a reach, it becomes possible to compare the reaches with each other and to visualize their relatedness in a dendrogram (Fig. 3) . Two groups consisting of reaches 1 to 5 and 6 to 9 could be identified. Within the first group, reaches 2 and 3 Longitudinal development of (A) the concentration of Chl a, (B) the apparent bacterial richness as detected by DGGE analysis, and (C) Jaccard's dissimilarity index in the Danube River, its tributaries, and the side arms. Jaccard's dissimilarity index is based on the DGGE banding patterns and is calculated relative to the those of the first sampling station. Gray symbols indicate the tributaries and side arms, and numbered labels correspond to Table 2 . Additionally, the figure shows the extent of the nine geomorphological reaches and the location of major cities and the Iron Gate dam. were most similar to each other, whereas in the second group, reaches 7 and 8 formed the tightest group (Fig. 3) . Phylogenetic identification of selected DGGE bands. The length of the partial 16S rRNA gene sequences obtained in this study varied between 507 and 526 bp (Table 3) . Of the 16 unique bacterial 16S rRNA gene sequences obtained, 6 belong to the Cytophaga-Flavobacterium-Bacteroides group (phylotypes 11_2-G5, 12_1-G5, 27_9-G6, 31_10-G6, 39_9-G5, 41_9-G5), 4 belong to Cyanobacteria (1_1-G5, 16_3-G5, 2_1-G5, 29_6-G5), 2 belong to Actinobacteria (25_3-G5, 42_9-G5), 2 belong to Betaproteobacteria (15_5-G6, 28_5-G5), 1 belongs to Alphaproteobacteria (2_2-G6), and 1 belongs to Gammaproteobacteria (24_8-G6). The phylotypes 2_2-G6, 29_6-G5, 11_2-G5, 42_9-G5, and 16_3-G5 were obtained from samples from the Danube River and some from tributaries and side arms located between 599 and 1,391 km apart. By looking at the longitudinal distribution of the phylotypes, it is possible to identify rare phylotypes that were detected only in some sta- FIG. 3 . Banding patterns of the geomorphological reaches in the Danube River. Banding patterns of the geomorphological reaches displaying only prominent bands for the Danube River (black squares indicate bands found in more than 50% of the stations in a particular geomorphological reach [numbers 1 through 9]) and their relatedness based on Jaccard's dissimilarity index are shown. Additionally, the figure shows the position of sequenced bands and the abbreviations in brackets indicate the phylogenetic identity of the phylotypes (Cyb, Cyanobacteria; CFB, CytophagaFlavobacterium-Bacteroides; Alpha, Alphaproteobacteria; Beta, Betaproteobacteria; Gamma, Gammaproteobacteria; Act, Actinobacteria). A schematic representation of the DGGE banding patterns for each station obtained in this study can be found in Fig. S1 in the supplemental material. tions, such as 29_6-G5, or in a limited region of the river, such as 2_1-G5 (see Fig. S1 in the supplemental material). Other phylotypes such as 11_2-G5, 42_9-G5, and 25_3-G5 were found in the majority of stations throughout the river (Fig. 3) . The majority of the phylotypes showed a longitudinal distribution between these two extremes ( Fig. 3 ; see Fig. S1 in the supplemental material).
Covariation of physicochemical and biological parameters. In the Danube River, a number of significant (Bonferroni corrected; P Յ 0.005) relationships were found between the parameters, where Ϫ0.5 Ն r Ն 0.5 were detected (Table 4) . DO, pH, and N-NO 3 decreased, whereas N-NO 2 and P-PO 4 increased, with decreasing distance to the Black Sea. Temperature was negatively correlated with N-NO 3 , whereas pH was positively correlated with DO and Chl a. DO was negatively correlated with N-NO 2 and P-PO 4 and positively correlated with Chl a. Furthermore, N-NO 2 correlated positively with P-PO 4 and negatively with Chl a. P-PO 4 was negatively correlated with Chl a and positively correlated with apparent bacterial richness. Moreover, Chl a correlated negatively with apparent bacterial richness.
Modeling apparent bacterial richness in the Danube River. The best-performing ANN to model apparent bacterial richness used N-NO 2 , P-PO 4 , and the distance to the Black Sea as input parameters for an ANN with 10 hidden neurons. The ANN-based model explained 90% of the variation of apparent bacterial richness in the Danube River (Fig. 4) . The slope of the linear least-squares regression (Fig. 4) of observed versus predicted values of apparent bacterial richness was not significantly different from 1 (t value ϭ 0.75; P ϭ 0.45). The slopes of linear least-squares regression analysis of observed versus predicted values of apparent bacterial richness performed with the training (y ϭ 0.89 ϩ 0.96x; n ϭ 57) and test data set (y ϭ 1.68 ϩ 0.93x; n ϭ 15) alone were not significantly different from 1 (training t value ϭ 0.83, P ϭ 0.40; testing t value ϭ 0.29, P ϭ 0.77) or from each other (t value ϭ 0.08, P ϭ 0.94).
DISCUSSION
Discontinuity in the longitudinal development of the Danube River. Based on physicochemical parameters, the Danube River can be divided into two stretches composed of reaches 1 to 5 and reaches 6 to 9 (Table 1) . On one hand, DO and N-NO 3 were significantly higher in reaches 1 to 5 than in reaches 6 to 9 (unpaired t test: DO, P, Ͻ0.0001; N-NO 3 , P ϭ 0.0096). On the other hand, N-NO 2 and P-PO 4 were significantly lower in reaches 1 to 5 than in reaches 6 to 9 (unpaired t test: N-NO 2 and P-PO 4 , P, Ͻ0.0001). The bacterial communities in reaches 1 to 5 and 6 to 9 formed two deeply branching groups (Fig. 3) , reflecting this differentiation along the longitudinal dimension of the river.
The lowest apparent bacterial richness (Fig. 2B ) and a clearly visible shift in bacterial community composition (Fig.  2C ) were recorded in reach 5, where the highest Chl a concentration was measured ( Fig. 2A) . Chl a was significantly positively related to pH and DO (Table 4) , and the highest average DO was found in reach 5 (Table 1) . Thus, the increase in Chl a not only signaled an increase in phytoplankton biomass and/or Chl a content per cell but also indicated an increase in photosynthetic activity in the river. Phytoplankton species are well known to produce biologically available extracellular organic carbon during photosynthesis (11, 27) . This photosynthetic extracellular release has been estimated to be ϳ20% of the total photosynthetic carbon production (28) . Thus, it is reasonable to assume that the high levels of photosynthetic activity in reach 5 in turn stimulated the growth of some members of the bacterial community that were able to use the sudden increase in organic carbon most efficiently. These fast-growing members of the community reduced the relative abundance of the less-adapted populations to a level below the detection limit of DGGE analysis, thus reducing apparent bacterial richness. A similar stimulation of bacterial growth and a concomitantly occurring decline in apparent bacterial richness have been reported previously (41) . Apparent bacterial richness correlated positively with P-PO 4 (Table 4) , thus indicating a potential phosphorus limitation to bacterioplankton. It is reasonable to assume that under phosphorus-limiting conditions, bacterial types with a highly efficient uptake machinery for phosphorus will have a competitive advantage over less efficient phosphorus-uptake bacterial types. Enhanced availability of phosphorus will allow more members of the community to increase in their relative abundance above the detection limit of DGGE analysis, thus increasing apparent bacterial richness.
Nitrite is an intermediate product of the oxidation of ammonium to nitrate, carried out exclusively by prokaryotes. Thus, N-NO 2 indicates the presence and activity of nitrifying bacterial types. For example, Cébron et al. (4) showed that the Seine River (France) receives large amounts of nitrifiers due to the effluents of a wastewater treatment plant. Their results suggest that the pollution of the Seine River with N-NH 4 downstream of the city of Paris facilitated the growth of these nitrifying bacterial types inoculated by the wastewater emissions. In our study, the highest average N-NH 4 was found in reach 6 (Table 1) , and this concentration level likely stimulated the growth of nitrifying bacterial types. The nitrifiers in turn substantially decreased N-NH 4 (largest change between reaches 5 and 6; see Table 1 ) and increased N-NO 2 downstream of reach 5. Thus, enhanced growth of nitrifying bacterial types in reaches 6 to 9 probably contributed to the shift in the riverine bacterial community between reaches 1 to 5 and 6 to 9.
Considerations concerning the interpretation of DGGE analysis. PCR-based fingerprinting methods such as DGGE analysis have their limitations (7, 33, 38) . However, a trend toward lower apparent bacterial richness is likely caused by a shift in evenness toward a few dominant phylotypes, reducing the relative abundance of other members of the community to below the detection limit of the method. This would imply that DGGE analysis detects abundant members of the bacterial community.
Samples for the characterization of the bacterial community were not prefiltered, and thus, our results might have been biased by the coamplification of plastid 16S rRNA genes (34) . Nevertheless, all sequences retrieved from the DGGE gels were, without exception, of bacterial origin (Table 3) . Additionally, the lowest apparent bacterial richness was recorded in the area with the highest Chl a concentration ( Fig. 2A and B) . Although we cannot completely exclude bias due to coamplified plastid 16S rRNA genes, our results suggest that their potential influence on our analysis was small. , together contributing ϳ70% of the Danube's total water discharge. Thus, although some of the smaller tributaries differed substantially in their concentrations of nutrients (e.g., the Russenski-Lom and Arges) and Chl a (e.g., the Sio and Iskar) and apparent bacterial richness (e.g., the Hron and RussenskiLom) (Tables 1 and 2 ; Fig. 2A and B) , their influence on the Danube River was not detectable because of dilution effects. For this reason, we will focus the remainder of this discussion on the four biggest tributaries.
The temperature and Chl a concentration of the Inn River were substantially lower (Tables 1 and 2 ; Fig. 2A) , and its bacterial community also differed compared to that in the Danube River (Fig. 2B and C) . Thus, the signature of the Inn River is clearly detectable in the Danube downstream of confluence. The rivers Drava, Tisza, and Sava, however, were very similar to the Danube River in terms of Chl a and bacterial community composition ( Fig. 2B and C; Table 1 and 2). Crump and Hobbie (8) studied the bacterial communities of two nonintersecting, temperate rivers. Those authors showed that the bacterial communities of the two rivers were nearly identical and changed synchronously over a period of 2.5 years. Their results suggest that intrinsic controls of prokaryotes were similar in the two rivers and that seasonal changes were driven by extrinsic factors such as climate. They further demonstrated that temperature was one of the best predictors for the temporal patterns in the bacterial community composition. In our study, the temperatures of the rivers Drava, Tisza, and Sava (Table 2) were similar to the Danube's temperature before confluence (before Drava, 22.4°C; before Tisza, 22.8°C; and before Sava, 23°C). Thus, the mechanisms suggested by Crump and Hobbie (8) might explain why the bacterial communities of the rivers Drava, Tisza, Sava, and the Danube were similar to each other around the points of confluence. Similarly, the large temperature difference between the Inn (Table 2 ) and the Danube River (before confluence, 21.4°C) might explain the differences in their bacterial communities. Although temperature differences or the lack thereof provide a plausible explanation for our results and are in principle supported by the study of Crump and Hobbie (8) , further studies are needed to confirm this hypothesis for the Danube River and its biggest tributaries.
(ii) Gabcikovo and Iron Gate impoundments. Intuitively, damming a river with high-flow velocities will have a bigger impact on the river ecosystem than an impoundment in a river with low-flow velocities. It is difficult to evaluate the impact of the two biggest man-made reservoirs in the Danube River due to a lack of comparison with the unaltered state. However, comparing parameters between the reservoirs and the areas adjacent to them should serve as a first indication of potential alterations.
The Gabcikovo reservoir had no detectable direct influence on the parameters measured in this study ( showed that N-NH 4 (unpaired t test, P, Ͻ0.0001) and N-NO 3 (unpaired t test, P ϭ 0.0008) were significantly different between these two stretches. The Gabcikovo and the Iron Gate reservoirs had no discernible effect on the bacterial communities. Single prokaryotic cells are much smaller than the Kolmogorov microscale of turbulence (24) . Thus, prokaryotes experience the surrounding water as a viscous medium and any effects on bacterial communities caused by a change in flow velocity, such as in a reservoir, will be indirect via cascading effects in the microbial food web (e.g., 26). Lindström and Bergström (22) investigated the influence of inlet bacteria on the community composition of bacterioplankton in two Swedish lakes differing in their hydraulic retention times. Their data suggest that the import of inlet bacteria has a substantial effect on the bacterial community composition of lakes with a short hydraulic retention time. River impoundments tend to have a short hydraulic retention time, and thus, the bacterial communities of the river and the reservoirs are expected to be similar.
(iii) Large cities. The influence of urban areas on the bacterial community composition of rivers versus those of tributaries is difficult to evaluate. The input of tributaries can be determined by comparing the parameters before and after confluence; however, large cities also have a strong diffusive component (e.g., surface water runoff) and are for historical reasons often situated at river junctions, making the task even more difficult. Thus, although our data do not show abrupt changes in bacterial richness in the vicinity of urban areas (Fig.  2C) , we have to acknowledge that the study design is not well suited to evaluate the impact of large cities on the riverine bacterial community. A more fine-grained sampling design in the vicinity of cities that includes seasonal changes will be necessary to achieve this.
Distribution of selected bacterial phylotypes. In total, 16 distinct, partial 16S rRNA gene sequences were obtained ( Table 3 ). Thus, we were able to phylogenetically characterize 37% of the bacterial community, as detected by DGGE analysis. In principal, some of the DGGE bands detected at stations far apart from each other might represent different phylotypes although they appear at the same position in the gel. Such a distance-related identity switch of DGGE bands would mask some of the changes in the bacterial community. We found no evidence for this; instead, we were able to obtain identical nucleotide sequences for phylotypes 2_2-G6, 29_6-G5, 11_2-G5, 42_9-G5, and 16_3-G5 (Table 3) at stations in the river and in some of the tributaries and side arms between 599 and 1,391 km apart. Although we cannot completely exclude the possibility of identical DGGE bands with different phylogenetic identities, our results suggest that this was not a major problem for our analysis.
All sequences obtained were closely related to typical freshwater bacteria (12, 43) . The six phylotypes identified as belonging to the Cytophaga-Flavobacterium-Bacteroides group were detected frequently, with one phylotype being a prominent member of the community in all reaches (11_2-G5) (Fig. 3) . The high detection frequency of these Cytophaga-Flavobacterium-Bacteroides phylotypes suggests that they were an important component of the bacterial community in the Danube River. The phylotypes 25_3-G5 and 42_9-G5, both belonging to Actinobacteria, were present in the majority of the sampling stations throughout the river (Fig. 3) , apparently following an opportunistic lifestyle largely independent of environmental changes. Two of the cyanobacterial phylotypes (29_6-G5 and 2_1-G5; Fig. 3 ) were rarely detected, suggesting that they were of minor importance in the river. Additionally, none of the four identified cyanobacterial phylotypes was found in reach 5, where the highest Chl a concentration was detected ( Fig. 2A and 3 ; see Fig. S1 in the supplemental material). Also, two phylotypes (12_1-G5 and 31_10-G6) with 92% and one (27_9-G6) with only 90% sequence identity to the closest related sequence in GenBank were obtained, possibly representing novel bacterial lineages.
Modeling apparent bacterial richness in the Danube River. The ANN-based model of apparent bacterial richness developed in this study uses N-NO 2 , P-PO 4 , and the distance to the Black Sea as input parameters to an ANN with 10 hidden units. The ANN-based model explains 90% of the variation of apparent bacterial richness in the Danube River (Fig. 4) and is by far superior to a model based on stepwise multiple linear regression analysis (data not shown). The ANN-based model used a determining factor of apparent bacterial richness (P-PO 4 ), an indicator for a process carried out by some members of the bacterial community (N-NO 2 ), and a parameter representing the longitudinal dimension of the study area (distance to the Black Sea) to predict apparent bacterial richness with high accuracy (Fig. 4) . The selection of these parameters was based on model performance. Thus, the ANN-based model of apparent bacterial richness supports our interpretation of the data given above.
Conclusions. In general, the riverine bacterial community developed gradually over the course of the river. This pattern was disrupted in reach 5 by an abrupt decrease in apparent bacterial richness and a clear shift in bacterial community composition. Based on the longitudinal development of DO, N-NO 3 , N-NO 2 , and P-PO 4 levels, the Danube River can be divided into an upper (reaches 1 to 5) and a lower (reaches 6 to 9) stretch. The bacterial communities in reaches 1 to 5 and 6 to 9 formed two deeply branching groups, reflecting this differentiation along the longitudinal dimension of the river. In particular, reach 5 marks the turning point with the highest average concentrations of Chl a and lowest average apparent bacterial richness. In reach 5, the Danube River increases its discharge by ϳ45% within a distance of 200 km due to confluence with the rivers Drava, Tisza, and Sava. With the exception of the Inn River in reach 1, the bacterial communities of the biggest tributaries resembled the community of the Danube River. Thus, the shift in bacterial community composition between reaches 1 to 5 and 6 to 9 was not due to the import of new bacterial types; instead, the riverine bacterial community adapted to the changing environmental conditions. Large impoundments had no detectable effect on the bacterial community of the water column, most likely due to the short hydraulic retention time in these reservoirs. In conclusion, our data indicate that intrinsic factors such as the concentration of nutrients and phytoplankton production appeared to determine bacterial community composition. External factors such as large tributaries indirectly influenced the riverine bacterial community composition by altering the concentration of nutrients.
